Introduction {#Sec1}
============

Pharmaceutical interventions such as vaccines and antiviral medication are the best defense in reducing morbidity and mortality during an influenza pandemic. However, current egg-based vaccine production process can take up to 6 months for the development and availability of a strain-specific vaccine and antiviral supplies may be limited. Fortunately, alternative strategies such as non-pharmaceutical interventions can reduce the spread of influenza until a vaccine becomes available. Face masks have been used to combat airborne viruses such as the 1918--1919 pandemic influenza \[[@CR4], [@CR29]\], the 2003 SARS outbreak \[[@CR7], [@CR38]\], and the most recent 2009 H1N1 pandemic \[[@CR12]\]. These studies indicate that if face masks are readily available, then they may be more cost-effective than other non-pharmaceutical interventions such as school and/or business closures \[[@CR13]\].

We focus on the use of surgical face masks and N95 respirators (also referred to as face masks). A surgical mask is a loose-fitting, disposable device that prevents the release of potential contaminants from the user into their immediate environment \[[@CR8], [@CR40]\]. They are designed primarily to prevent disease transmission to others, but can also be used to prevent the wearer from becoming infected. If worn properly, a surgical mask can help block large-particle droplets, splashes, sprays, or splatter that may contain germs (viruses and bacteria), and may also help reduce exposure of saliva and respiratory secretions to others. By design, they do not filter or block very small particles in the air that may be transmitted by coughs or sneezes.

An N95 respirator is a protective face mask designed to achieve a very close facial fit and efficient filtration of airborne particles \[[@CR40]\]. N95 respirators are designed to reduce an individual's exposure to airborne contaminants, such as infectious viral and bacterial particles, but they are also used to prevent disease transmission when worn by a sick individual \[[@CR20]\]. Typically, they are not as comfortable to use as a surgical face mask, and some health care workers have found them difficult to tolerate \[[@CR23]\]. N95 respirators are designed for adults, not for children, and this limits their use in the general population.

Surgical masks and N95 respirators have been found to be equally effective in preventing the spread of influenza in a laboratory setting \[[@CR20]\] as well as for health care workers \[[@CR24]\]. In addition to reducing the direct flow of an airborne pathogen into the respiratory system the masks act as a barrier between a person's hands and face, which can reduce direct transmission.

A survey paper by Bish and Michie \[[@CR5]\] on demographic determinants of protective behavior showed that compliance to using face masks is tied to age and gender. They observed that females and older adults were more likely to accept protective behaviors than other population groups. Supporting these ideas, usage of face masks was consistently higher among females than male metro passengers in Mexico City during the 2009 Influenza A (H1N1) pandemic \[[@CR12]\]. Limited studies suggest that there is more social stigmatization associated with wearing face masks in Western Countries than in Asia. For example, people rarely wear face masks in public in the United States, compared with their use in Japan and China \[[@CR17]\]. An article published in 2009 by *New York Times Health* reported that "masks scare people away from one another" resulting in an unintentional social distancing measure \[[@CR30]\] or "stay away" factor. Pang et al. showed that during the 2003 SARS outbreak, non-pharmaceutical interventions where implemented followed the epidemic curve \[[@CR33]\]. That is, as the perception of SARS increased, more measures were implemented, and as the incidence declined, several measures were relaxed.

Based on these studies, we investigate the impact of face mask usage on the spread of influenza under several assumptions, including: (1) that females and older people will be more likely to wear them, (2) face mask wearers may follow the epidemic (e.g., the number of people wearing face masks depends on the incidence), and (3) face masks scare people away.

In order to transfer our results to the real world, it will be important to measure compliance. In the case of interventions such as face mask use, where individuals often choose to comply or not comply in the privacy of their daily lives, traditional methods of measuring compliance may be ineffective. Accordingly, we turn to social internet systems, specifically Twitter, where users share short text messages called *tweets*. These messages are directed to varying audiences but are generally available to the public regardless; they are used to share feelings, interests, observations, desires, concerns, and the general chatter of daily life. While other researchers have used Twitter to measure public interest in various health topics, including face masks as an influenza intervention \[[@CR35]\], we carry out a brief experiment to explore the feasibility of using tweets to measure *behavior*.

The goal of this study is to understand the effectiveness of face mask usage for influenza epidemics of varying strengths (high, medium, low). A high level epidemic would be similar to the 1918--1919 H1N1 "Spanish flu" outbreak with large morbidity and mortality \[[@CR32], [@CR34], [@CR42]\], a medium level would be similar to the 1957--1958 H2N2 Asian flu \[[@CR15], [@CR18]\], and a low level would be similar to the more recent 2009 Novel H1N1 flu \[[@CR6], [@CR10], [@CR19]\]. We simulate face mask usage behavior through detailed large-scale agent-based simulations of social networks. These simulations have been performed using the Epidemic Simulation System (EpiSimS) \[[@CR27], [@CR28], [@CR37]\] described in the next section.

Methods {#Sec2}
=======

Agent-Based Model Description {#Sec3}
-----------------------------

EpiSimS is an agent-based model that combines three different sets of information to simulate disease spread within a city:population (e.g., demographics),locations (e.g., building type and location), andmovement of individuals between locations (e.g., itineraries).We simulated the spread of an influenza epidemic in southern California with a synthetic population constructed to statistically match the 2000 population demographics of southern California at the census tract level. The synthetic population consists of 20 million individuals living in 6 million households, with an additional 1 million locations representing actual schools, businesses, shops, or social recreation addresses. The synthetic population of southern California represents only individuals reported as household residents in the 2000 U.S. Census; therefore, the simulation ignores visiting tourists and does not explicitly treat guests in hotels or travelers in airports.

We use the National Household Transportation Survey (NHTS) \[[@CR44]\] to assign a schedule of activities to each individual in the simulation. Each individual's schedule specifies the starting and ending time, the type, and the location of each assigned activity. Information about the time, duration, and location of activities is obtained from the NHTS. There are five types of activities: *home*, *work*, *shopping*, *social recreation*, and *school*, plus a sixth activity designated *other*. The time, duration, and location of activities determines which individuals are together at the same location at the same time, which is relevant for airborne transmission.

Each location is geographically-located using the Dun and Bradstreet commercial database and each building is subdivided based on the number of activities available at that location. Each building is further subdivided into rooms or mixing places. Schools have classrooms, work places have workrooms, and shopping malls have shops. Typical room sizes can be specified; for example, for workplaces, the mean workgroup size varies by standard industry classification (SIC) code. The number of sub-locations at each location is computed by dividing the location's peak occupancy by the appropriate mixing group size. We used two data sources to estimate the mean workgroup by SIC, including a study on employment density \[[@CR45]\] and a study on commercial building usage from the Department of Energy \[[@CR26]\]. The mean workgroup size was computed as the average from the two data sources (normalizing the worker density data) and ranges from 3.1 people for transportation workers to 25.4 for health service workers. The average over all types of work is 15.3 workers per workgroup. For the analyses presented here, the average mixing group sizes are: 8.5 people at a school, 4.4 at a shop, and 3.5 at a social recreation venue.

Disease Progression Model {#Sec4}
-------------------------

Airborne diseases spread primarily from person-to-person during close proximity through contact, sneezing, coughing, or via fomites. In EpiSimS, an interaction between two individuals is represented only by:when they begin to occupy a mixing location together,how long they co-occupy within a mixing place,a high-level description of the activity they are engaged in, andthe ages of the two individuals.A location represents a street address, and a room or mixing place represents a lower-level place where people have face-to-face interactions. When an infectious person is in a mixing location with a susceptible person for some time, we estimate a probability of disease transmission, which depends on the last three variables listed above. Details of social interactions such as breathing, ventilation, fomites, moving around within a sub-location, coughing, sneezing, and conversation are not included. Disease transmission between patients and medical personnel is not handled explicitly, and no transmission occurs when traveling between activities. Note that individuals follow a static itinerary, except when they are sick or need to care for a sick child. In this case, their schedule changes and all activities they were supposed to undertake are changed to *home*.
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                \begin{document}$$\begin{aligned} P_j = 1 - e^{-\sum \limits _{j}TS_j I_i t_{ij}} \end{aligned}$$\end{document}$$Disease progression is modeled as a Markov chain consisting of five main epidemiological stages: uninfected, latent (non-infectious), incubation (partially infectious), symptomatic (infectious), and recovered. The incubation and symptomatic stage sojourn time distributions are described by a half-day histogram, giving respectively the fraction of cases that incubate for a period of between 0 and 0.5 days, 0.5 and 1.0 days, etc., before transitioning to the symptomatic or recovered stages, respectively. The average incubation time is 1.9 days and average duration of symptoms is 4.1 \[[@CR25]\]. The influenza model assumes that 50 % of adults and seniors, 75 % of students, and 80 % of pre-schoolers will stay at home soon within 12 hrs of the onset of influenza symptoms. These people can then transmit disease only to household members or visitors. In addition, based on previous studies \[[@CR25]\], we assume that 33.3 % of infections are subclinical where an infected individual is asymptomatic and shows no sign of infection. We modeled the subclinical manifestation as only half as infectious as the symptomatic manifestations. Persons with subclinical manifestations continue their normal activities as if they were not infected. The assumed hospitalization rate is a percentage of symptomatic individuals dependent on the strength of the pandemic. To simulate the higher attack rates seen in children, we assume that the infection rate in children was double that in adults. We analyze multiple scenarios for the same set of transmission parameters where the population was initially seeded with 100 people infected, all in the incubation stage.

Behavior Model {#Sec5}
--------------

The behavior of each individual (agent) in an EpiSimS simulation is defined based on distributions for the effectiveness of their face mask usage in preventing infection to others (given as a distribution), effectiveness to preventing the individual from becoming infected (given as a distribution), acceptance of using the mask (given as a distribution), along with applicable age range, gender, and other possible demographic descriptive information. Effectiveness to others for mask usage is based on the protection factor of a mask type. It is the protection provided to people in contact with a sick individual wearing a mask. Effectiveness to self is based on the penetration level of a mask type. It is the protection provided to a healthy individual when in close contact with an infectious person. Distributions were used based on mask testing for the penetration level \[[@CR2], [@CR9], [@CR21], [@CR31]\] and protection factor \[[@CR22]\]. Examples of these distributions are shown for N95 respirators in Table [1](#Tab1){ref-type="table"} and for surgical masks in Table [2](#Tab2){ref-type="table"}. The effectiveness values drawn from each distribution are used to modify the infectivity ($\documentclass[12pt]{minimal}
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As stated previously, age and gender play an important role in determining whether someone will comply with wearing a mask. The age ranges and compliance or acceptance by gender are based on values from a survey of behavior studies \[[@CR5]\] and are shown in Table [3](#Tab3){ref-type="table"}. Simulations that assigned mask usage by age and gender used the age ranges and acceptance in this table. Simulations that assigned mask usage randomly used constant acceptance values (e.g., 25 % of the population) for adults-only or all.Table 3Face mask acceptance by gender and age. Notice that the willingness to use a face mask increases with age and that women are more willing to use a face mask than men of the same ageAge groupMales (%)Females (%)6--15333316--24335425--34456335--44597445--54556855--64597165--74637575+5772Average5764

We assume that willingness to wear a mask is not influenced by a person being ill and the masks are only worn in non-home settings. Mask usage is initiated as an exogenous event, specified for a range of days. Usage can be specified as a fraction of all possible users (based on age and gender) and the duration can be specified as a distribution (e.g., constant, normal). Early in the simulations, each individual determines whether they will wear a mask based on age, gender, and acceptance. This is the pool of people from which mask users are selected. When we assume that mask usage will follow the course of an epidemic (e.g., disease perception increases as incidence increases and vice-versa), mask usage ramps up and then down. For this scenario, mask users change over time and some may use masks for a sequence of days multiple times.

Scenarios that take into account a stay away factor used higher effectiveness values based on assumptions regarding the amount of social distancing we expect a mask wearer to experience (e.g., 30 %). The mechanism we are assuming here is that, in general, individuals will attempt to limit their contact with a person wearing a mask. This translates to a larger histogram bin size for the distribution. Scenarios where both surgical masks and hand sanitizer served as the mitigation strategy, do not use the protection level and penetration factor values for effectiveness as described previously, instead an effectiveness value of 50 % is used based on an intervention trial conducted at the University of Michigan \[[@CR1]\].

The Reproduction Number {#Sec6}
-----------------------
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Results {#Sec7}
=======

We compare a base case scenario where no face masks are used for the high, medium, and low epidemic levels with simulations using only face masks, face masks and hand sanitizer (M and HS), and face masks coupled with social distancing (M and SD). For the base case scenarios, we compare the epidemic parameters related to morbidity and mortality, including the attack rate, clinical attack rate, hospitalization rate, and mortality rate.

All of the scenarios that include face mask usage mitigations allow mask base acceptance by age and gender. Additionally, mask users follow the course of the epidemic incidence, increasing to the peak and then decreasing, ending 4 weeks after the peak. In support of this behavior, we present the results of a small experiment, where we use Twitter to estimate the shape of the compliance curve with respect to face masks.

Surgical masks and N95 respirators are considered independently in the face mask only scenarios, while surgical masks are the choice for the hand sanitizer and social distancing scenarios. N95 respirators can be more effective if both adults and children would use them, but they have not been designed for children and can be uncomfortable even for adults for long-term use. For these scenarios where mitigations are implemented, we compare the clinical attack rate, effective reproductive number, and for some cases, we show the the disease prevalence (symptomatic cases), incidence of mask users (new cases), and the effective reproductive number over time ($\documentclass[12pt]{minimal}
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Base Case Scenario {#Sec8}
------------------

As described earlier, we used influenza epidemics of varying strengths (high, medium, low) to compare the impact of face mask usage on controlling the spread. These different levels share a similar disease progression as described in Sect. [2](#Sec2){ref-type="sec"}. The high level epidemic is based on the 1918--1919 H1N1 "Spanish flu" outbreak and has large morbidity and mortality \[[@CR32], [@CR34], [@CR42]\], the medium level is based on the 1957--1958 H2N2 Asian flu \[[@CR15], [@CR18]\], and the low level is based on the more recent 2009 Novel H1N1 flu \[[@CR6], [@CR10], [@CR19]\]. The number of hospitalizations and deaths were extrapolated from the U.S. population during the represented pandemic year to the U.S. synthetic population of 280M (based on 2000 census data). The attack rate (percentage of population infected), clinical attack rate (percentage of population symptomatic), hospital rate (hospitalizations out of population), and mortality rate (deaths out of population) are shown for each strength in Table [4](#Tab4){ref-type="table"}. Figure [1](#Fig1){ref-type="fig"} shows each of their respective epidemic curves for the new symptomatic as a function of time.Table 4Epidemic parameters associated with high, medium, and low strengths of epidemicEpidemicAttack rateClinical attackHospital rateMortality ratelevel(%)rate (%)(%)(%)High40.030.00.5000.300Medium30.019.70.2500.100Low20.010.00.0080.015

Using Twitter to Quantify Face Mask Usage {#Sec9}
-----------------------------------------

Our goal in exploring Twitter is to evaluate two conjectures: first, that the level of face mask wearing follows the disease incidence level, and second, that analysis of the public tweet stream is a feasible technique to measure compliance with face mask wearing (and, by implication, other behaviors relevant to infectious disease). To do so, we analyzed tweets published globally between September 6, 2009 and May 1, 2010, roughly corresponding to the H1N1 pandemic flu season in the United States.Fig. 1Base case simulation results for the three different epidemic strengths, showing the percentage of the population that becomes symptomatic per day

There are 548,893,258 tweets in our dataset, an approximate 10 % sample of total Twitter traffic during this period. Of these, we selected the 75,946 which contained the word "mask"; in turn, a small fraction of these keyword matches---we estimate 3,350, or about 4.5 %---actually concern the medical face masks of interest to the present work (topics also include costume, sports, metaphor, cosmetics, movies, and others).

In order to identify these relevant tweets, we manually examined a random sample of 7,602 keyword matches (roughly 10 % of the total), coding them as (a) mentioning medical face masks (335 tweets), and perhaps additionally (b) sharing a specific observation that either the speaker or someone else is wearing, or has recently worn, a face mask (138 tweets).

Our results are shown in Fig. [2](#Fig2){ref-type="fig"}. As noted above, there are very limited survey studies that have collected information on mask use, especially from Western Countries \[[@CR5]\]; accordingly, we compare our Twitter mention and observation counts against influenza-like illness (ILI) data published by the Centers for Disease Control (CDC) \[[@CR11]\]. The correlation is excellent: 0.92 for mentions and 0.90 for observations.Fig. 2Of each million tweets during the period September 6, 2009 through May 6, 2010, we show the number in which face masks are mentioned, as well as the subset of mentions which observe that someone specific is or was recently wearing a mask, whether the speaker himself or someone else. Also shown is the influenza-like illness rate from the CDC for the same period. The Pearson correlation between ILI rate and mentions is 0.92, and between ILI rate and observations is 0.90

These results have two implications. They provide empirical support for our assumption that face mask use is disease-dependent; that is, as disease incidence increases, face mask use increases, and as incidence decreases, so does mask use. Also, they suggest more broadly that social internet systems such as Twitter can, in fact, be used to measure disease-relevant behavior in the real world.

Challenges remain, however. First, we point out the severe signal-to-noise of these data: we identified just 20 out of every million tweets as relevant, even at the peak of the epidemic. Accordingly, analysis focusing on specific locales or demographic groups is not possible with this approach. Second, our manual coding approach clearly does not scale. Finally, we strongly suspect that information relevant to our specific questions (e.g., How many people are using face masks? Who are they? Where are they?) is contained in the vast number of tweets our coarse, preliminary approach discards as irrelevant. Our future work in measuring real-world behavior will go beyond simple keyword searches to leverage more sophisticated data mining algorithms.

Comparison of Intervention Strategies {#Sec10}
-------------------------------------

Face mask only mitigation strategies were considered for surgical masks and N95 respirators separately. All scenarios began when 0.01 or 1.0 % of the population was symptomatic. Usage was based on age and gender and followed the course of the epidemic. Surgical masks were available to all age groups and N95 respirators to adults only and all age groups. Since N95 respirators were not designed for use by children, the adults only scenario is more realistic; however the all age groups scenario allows us to understand the importance of children wearing masks and the use of a more protective mask.

Scenarios with face mask usage starting when 1.0 % of the population was symptomatic resulted in higher attack rates and clinical attack rates than that for 0.01 % and will not be considered further here. Those starting at 0.01 % slowed the epidemic, allowing less burden to the public health system.

Table [5](#Tab5){ref-type="table"} shows the overall clinical attack rates for the epidemic as well as just for the mask users for all scenarios and epidemic strengths. Overall, only a small improvement is seen over the base case. The maximum mask users for all scenarios is 45--50 % of the population. Considering only the mask users, the clinical attack rates are much improved, with significant reductions for all three scenarios. The largest improvement is seen for N95 respirator where use is not limited to adults. This shows the importance of involving children in a face mask mitigation. Of the more realistic scenarios, surgical mask and N95 respirator adults, surgical mask performs best overall for all pandemic strengths, though worst when only considering mask users.Table 5Attack rate parameters associated with high, medium, and low strengths of epidemic for face mask only scenarios starting when 0.01 % of the population is symptomaticEpidemicMaskAttack rateOverallMask userslevelscenario(%)Clinical attackClinical attackrate (%)rate (%)HighSurgical mask34.2225.6614.24N95 respirator adults35.0326.2712.74N95 respirator all32.2624.2012.09MediumSurgical mask24.5116.357.40N95 respirator adults25.5517.047.03N95 respirator all23.4015.605.89LowSurgical Mask16.358.182.88N95 Respirator Adults17.698.852.80N95 Respirator All16.968.491.73

We compare the impact of combining face masks with hand sanitizers (M and HS) or with social distancing (M and SD). As described in Sect. [2.3](#Sec5){ref-type="sec"}, M and HS are assumed to reduce the transmission rate by 50 % and M and SD are assumed to reduced the transmission rate by 30 %. Figure [3](#Fig3){ref-type="fig"}, part A and C shows the epidemic curves when M and HS are implemented after 1.0 % of the population is symptomatic, and M and SD when 0.01 % of the population is symptomatic, respectively. In addition to showing the overall dynamics of these two interventions, we show the epidemic curve for individuals who adopted the specified behavior, but who still became infected. Note that although the clinical attack rate was only reduced by 19 and 21 % for these two scenarios, the clinical attack rate for M and HS users was only 3.6 or an 81 % reduction. Similarly, the clinical attack rate for the M and SD users is 4.7 or a 76 % reduction from the base case. Part B and D, shows the clinical attack rate for various assumptions of the M and HS and M and SD scenarios and all the different pandemic levels.Fig. 3Results of surgical masks and hand sanitizers (*top*) and masks and social distancing (*bottom*). **a** Epidemic curves for the base case, when the intervention is implemented after 1.0 % of the population is symptomatic, and the population that adopts the behavior (M and HS users). **b** Clinical attack rates (CAR) for the various pandemic levels and when masks and hand sanitizers are implemented after 1.0 and 0.01 % of the population is symptomatic. **c** Epidemic curves for the base case, when the intervention is implemented after 0.01 % of the population is symptomatic, and the population that adopts the behavior (M and SD users). **d** Clinical attack rates (CAR) for the base case, and two mask and social distancing scenarios for the different pandemic levels

From the results, it is clear that the earlier the interventions are put in place, the higher the impact they will have on reducing morbidity and mortality. Although these non-pharmaceutical interventions may not be very effective when compared to vaccines and antivirals, the overall impact for people that adopt these behaviors is significantly lower than the epidemic curve for the entire population. Table [6](#Tab6){ref-type="table"} takes the new clinical attack rate for the M and HS and M and SD intervention strategies and computes their difference. Then, this difference is expressed in the table as a percentage of the base case clinical attack rate for that epidemic strength. This is meant to demonstrate the difference in the clinical attack rate relative to each intervention strategy on a scale that is proportional to the base case. If this percent is small then one could reasonably conclude that there is not much difference in the intervention strategies at that level. Overall, the scenarios with masks and hand sanitizer had a difference of less than 10 % of the base case clinical attack rate in all cases (see Table [7](#Tab7){ref-type="table"}). The case of comparing M and HS implemented when 0.01 % of the population is symptomatic and M and SD when 1.0 % of the population is symptomatic is especially interesting at a low epidemic level, since the difference is less than 5 % even though M and SD has only a 30 % effectiveness compared to M and HS 50 % effectiveness. This motivates future studies into the difference in the effectiveness of these two intervention strategies at various epidemic strengths.Table 6Difference in clinical attack rate as a percent of base case clinical attack rate when comparing M and SD and M and HS intervention strategies$\documentclass[12pt]{minimal}
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We notice (Fig. [4](#Fig4){ref-type="fig"}) that for the different intervention strategies, the maximum $\documentclass[12pt]{minimal}
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Discussion {#Sec11}
==========

Non-pharmaceutical interventions such as face masks can play an important role in controlling the spread of airborne viruses. Based on historical observations, it is clear that some people wear face masks to protect themselves from infection. However, due to their limited effectiveness (known from filtration performance tests) the impact of face masks at the population level has not been well studied.

We used an agent-based simulation model to examine the effect that face masks alone, and in combination with other non-pharmaceutical interventions, has on reducing the spread of influenza. We analyzed the sensitivity with respect to various parameters including pandemic level, type of face mask, timing of intervention(s), and type of intervention.

Our results show that, in general, face masks have an impact on reducing the overall incidence and extending the length of the epidemic. Masks alone reduce the clinical attack rate, on average, by over 10 % for the entire population and 50 % for the population that wears face masks. Not surprisingly, our results show that face masks are more effective when coupled with other interventions. Although we expected that masks and hand sanitizers would have the largest return (given that we assume to be 50 % effective), social distancing performed almost as well as the hand sanitizer (even though we assume it was only 30 % effective). These observations imply that any mitigation that aims at reducing the probability of transmission, regardless of effectiveness, can contribute in reducing the overall impact of disease. Furthermore, the results are consistent with other studies concluding that the earlier interventions are put in place, the higher the impact they have on reducing morbidity and mortality.

We compare the effective reproduction numbers for various scenarios and show that intervention strategies cause the initial $\documentclass[12pt]{minimal}
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                \begin{document}$$R_\text {eff}$$\end{document}$ = 1. We also noted that the N95 case had an initially higher $\documentclass[12pt]{minimal}
                \usepackage{amsmath}
                \usepackage{wasysym} 
                \usepackage{amsfonts} 
                \usepackage{amssymb} 
                \usepackage{amsbsy}
                \usepackage{mathrsfs}
                \usepackage{upgreek}
                \setlength{\oddsidemargin}{-69pt}
                \begin{document}$$R_\text {eff}$$\end{document}$ than the other scenarios due to the assumption that children would not wear N95 respirators.

For any intervention, it is important to measure the rate at which the intervention is actually happening. Non-pharmaceutical interventions such as face mask wearing presents special problems in this regard, because the decision to comply or not comply is an individual one which takes place away from observation by health providers. The intuition in exploring social internet systems such as Twitter to make these measurements is that the very high volume of observations, perceptions, and desires can, in aggregate, provide a sufficiently accurate measurement of compliance in real-world settings. Our preliminary results in analyzing Twitter are consistent with this intuition: we measured the use of face masks with a simple keyword-based approach, and both mentions of and observations of wearing face masks correlate strongly with CDC influenza incidence data. We expect future efforts to deepen this capability, providing results segmented by locale or demographics.

We conclude that for mathematical models of infectious diseases to be useful in guiding public health policy, they need to consider the impact of non-pharmaceutical interventions. Face masks can be a cost-effective intervention when compared to closures; therefore, public health campaigns should focus on increasing compliance. Additionally, measuring the effect of these campaigns should include analysis of social internet systems and other emerging data sources. The results presented here are useful in providing estimates of the effects of non-pharmaceutical interventions on the spread of influenza.
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